The NIST DSE Plant Identification challenge is a new periodic competition focused on improving and generalizing remote sensing processing methods for forest landscapes. To compete in the competition, I created a pipeline to perform three remote sensing tasks.
differences in performance on different systems(4). As well, the formats in which remote sensing data are saved and processed vary hugely across platforms and research disciplines, and have proven difficult to 36 standardize(4). 37 The NIST DSE Plant Identification Challenge(4) was introduced this year to try to combat these 38 problems and to increase standardization, methods benchmarking, and collaboration within the remote 39 sensing research community. During this competition, the three tasks outlined above (segmentation, 40 alignment, and classification) were performed on the same dataset by multiple competing teams. To keep 41 the results of each task from limiting the performance of subsequent tasks the input data for each task was 42 provided a priori by the competition organizers. In a real-world scenario the tasks could instead be arrayed 43 in a single coherent pipeline to perform more meaningful automatic forest characterization. More detailed 44 descriptions of the provided data will be provided in the task subsections below, and exact methods of 45 input data collection and preprocessing can be found in the parent paper on the overall competition pilot, 
54
In plain speech, these datasets included hyperspectral and LIDAR-produced DSM images of the scenes in 55 question, as well as hand-labeled tree species, height, diameter, location, and stem-crown correspondences.
56
Again, more information regarding the data provided can be found in the parent paper (4). 
Processing Overview

67
My approach started with applying an NDVI filter to the cloud in order to remove points that had NDVI 68 values too low to be plant matter. Then I applied a sliding linear window function to identify local maxima 69 (presumptive treetops). Finally, I performed a watershed segmentation to create tree polygons around 70 these top points. 
Vegetation Filtering
72
The Normalized Difference Vegetation Index (NDVI) is an index used to determine the degree of plant cover at a point in a spectral scene. It is given as:
where NIR and RED are reflectances of the scene in the red and near infrared bands. For this filter I used 
Maxima Search
79
A search for local maxima (treetops) was performed using the open source remote sensing package ForestTools (7). I used the TreetopFinder() function with a linear sliding window using the function
The maximum search was thresholded to ignore maxima below 5m, because the great majority of crowns 80 were above this height and no ground points were. A linear window function was selected based on the 81 recommendations of the package documentation, and the two parameters of the function were manually 82 tuned, starting from their default values and ending with those presented above, until the segmentation 83 results on the test data appeared to be appropriately segmenting the canopies to individual trees. This 84 manual testing and tuning was performed on several input image plots to ensure that performance would 85 be acceptable across different tree sizes and degrees of canopy openness.
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where C is the cost, D is crown diameter estimated from crown area,D is crown diameter predicated 118 from the stem using the regression equation, D rms is the RMS error in diameter predictions, X is crown 119 longitude,X is stem longitude, X rms is the longitude prediction RMS error, Y is crown latitude,Ŷ is 120 stem latitude, and Y rms is the latitude prediction RMS error. The RMS error values were used to create 121 dimensionless costs across the three variables, scaled by the overall noise in each signal. Within each plot, 122 the set of pairings which minimized the total cost across all pairs was taken as the best alignment. The input data for this task consisted of a dataframe of individual pixel observations within each scene.
126
Each pixel was labelled with its associated crown ID and also contained the height within the CHM at that 127 point and the response in all the hyperspectral bands. Species labels were also provided for each crown 128 ID within the training set. Again, see (4) for more information on the input dataset. within each class group were assembled into a prediction matrix for that class.
139
A set of maximum likelihood classifiers was built on the training data for each species class. Maximum likelihood methods work by assigning likelihoods L based on the following equation:
where N is the total number of variables used in the classifier (here bands and structural parameters of 140 trees), Y is the covariance matrix of the entire set of training vectors for the target class, t is the vector of 141 parameters for the tree to be classified, and T is the average vector from the set of training vectors for the 142 target class.
143
Each individual tree vector in the test set was transformed by the PCA parameters found above and 144 used to determine a likelihood of assignment to each class. Trees were then assigned to the class with the 145 highest likelihood score. 
Alignment
159
The regression equation found between crown diameter (as estimated by crown area) and stem diameter 160 is given byD crown = 0.148D stem + 0.549. This equation was found to be significant (p < 0.0001) with 161 R 2 = 0.730. A plot of crown diameters vs. stem diameters is given in Figure 2 . The alignment routine performed better overall than segmentation, and was able to correctly align 163 48% of the input crowns to the associated trees. However, an identical performance was yielded by 164 the benchmark routine used by the competition organizers. That routine was very similar to the one I 165 implemented, but used only latitude and longitude to align trees and ignored stem and crown diameters. The classification performance of algorithms in the competition was measured by two metrics -rank-168 1 score (the percentage of all test trees correctly classified) and cross-entropy score (which rewards 169 participants for expressing uncertainty about predictions). Higher rank-1 scores and lower cross-entropy 170 scores are associated with "better" classification results.
171
The classification yielded a rank-1 score of 0.8226, indicating that it correctly classified 82% of all the 172 trees in the set, and had a cross-entropy score of 1.2247. This can be compared to the 'baseline' method 173 implemented by the competition organizers, which yielded a rank-1 score of 0.6667 and cross-entropy 174 score of 1.1306.
175
My algorithm was the only method other than the baseline which had a 100% success rate at correctly 176 identifying the most common tree in the dataset (the Longleaf Pine, Pinus palustris). It also yielded a 177 very high success rate at identifying the second most common species (the Turkey Oak, Quercus laevis), 178 at nearly 90%. However, it did not correctly identify any tree of any species other than these two most 179 common species. Despite this, the two most common species represent a huge majority of the overall 180 canopy in this system, covering 82.3% of all the trees in the training dataset. Further investigation will be warranted in future work.
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However, the broader applicability of these alignment algorithms is limited, because they rely on 206 one-to-one datasets of perfectly labelled crowns and stems. They cannot perform on datasets in which not 207 every stem is labelled, which is likely the case in a real forestry application. As well, the pairing algorithm 208 I implemented scales very poorly with larger plot sizes -if it were to be implemented on a forest scale 209 it would take an extremely long time to process all the potential pairings. Algorithms to automatically 210 section the forest for alignment analysis into plots like those used here may be an area of potential interest 211 for future work. Alternatively, it may be beneficial to rely instead on algorithms in which each target stem 212 is compared to all of its nearest neighbor crowns, possibly with some cost to penalize multiple stems 213 being mapped to the same crown. 
Classification
